[1] A neural network retrieval method has been applied to investigate AMSU-A/ AMSU-B atmospheric temperature and humidity profiling capabilities over land. The retrieval method benefits from a reliable estimate of the land emissivity and skin temperature as well as first guess information regarding the temperature-humidity profiles. It has been applied on a large geographic area (60°W-60°E, 60°S-60°N) and atmospheric situations (winter and summer). The retrieved RMS errors are within 2 K and 9% in temperature and relative humidity, respectively. Regardless of scanning conditions, vegetation types, and atmospheric situations, the algorithm retrieval results are satisfactory for both temperature and relative humidity. The retrieval approach has been evaluated by comparison with available in situ measurements.
Introduction
[2] The Advanced Microwave Sounding Unit-A (AMSU-A) and AMSU-B on board the latest generation of the NOAA polar orbiting satellites measure the outgoing radiances from the atmosphere and the Earth surface. With channels in the oxygen absorption band, AMSU-A is designed to retrieve the atmospheric temperature from about 3 hPa ($45 km) down to the Earth's surface. AMSU-B module makes measurements in the vicinity of the strong water vapor absorption line at 183 GHz and is used for atmospheric water vapor sounding. Therefore the use of AMSU measurements in operational Numerical Weather Prediction (NWP) models can potentially provide accurate monitoring of both air temperature and moisture profiles with good temporal and spatial sampling. Compared to infrared sounding measurements, AMSU observations are less sensitive to high thin and non precipitating clouds.
[3] Several retrieval techniques have been developed for temperature and/or humidity sounding with AMSU-A/ AMSU-B and other microwave radiometer measurements. Rosenkranz [2001] used surface and atmosphere modeling to retrieve temperature-moisture profiles from AMSU-A/ AMSU-B data. Wagner et al. [1990] retrieved humidity profiles using passive microwave measurements. A neural network technique has been used by Shi [2001] to estimate air temperature profiles from AMSU-A; a similar technique has been utilized by Franquet [2003] for 3-D restitution of water vapor using microwave satellite instruments.
[4] Over ocean, the AMSU measurements are now routinely assimilated in NWP systems and they provide unique atmospheric profiling capabilities. Over land however, the AMSU measurements are not fully exploited. At best, only the channels that are not contaminated by surface contributions are assimilated, thus limiting the profiling potential to the higher atmospheric layers. Kelly and Bauer [2000] describe the current use of 10 AMSU channels measurement in the European Centre for Medium-Range Weather Forecasts (ECMWF) assimilation system. Recent efforts to assimilate AMSU radiances over ocean/land are performed at many NWP centers (see the proceedings from the Thirteenth International TOVS Study Conference, SainteAdèle, Quebec, Canada, 2003 , sponsored by International TOVS Working Group and partners). Contrarily to the ocean emissivity, the land surface emissivity is high, often close to unity, leading to difficulties in discriminating between surface and atmosphere contributions. In addition, the land emissivity exhibits complex temporal and spatial variations, depending on surface types, roughness, and moisture content, among other parameters. As a consequence an accurate estimate of the microwave land emissivity is a prerequisite for a full exploitation of satellite sounding measurements over land. Recent works focused on the development and analysis of emissivity estimates at AMSU frequencies and observation conditions , following the method developed for the Special Sensor Microwave/Imager [Prigent et al., 1997 [Prigent et al., , 1998 ]. It is thus now possible to develop retrieval techniques to fully benefit from microwave sounder measurements over land, as it has already been done for microwave imagers [Prigent and Rossow, 1999; Aires et al., 2001] .
[5] The objective of this paper is to study the feasibility of use of all AMSU-A and AMSU-B channels over land for retrieving atmospheric temperature and moisture profiles down to the surface; then to evaluate the performances of the retrieval method by quantifying the information content of the AMSU-A and AMSU-B observations for such retrievals over land. The final aim of this study is to investigate and prepare the assimilation (variational method) of all AMSU channel measurements over land in NWP models. The information content analysis is based on neural network (NN) statistical approach, with use of a first guess profile and auxiliary information (surface temperature and emissivity). Compared to more traditional information content techniques [Rodgers, 1990] , using a NN has the advantage of requiring none of theoretical assumptions such as linearity or the Gaussian character of the variables. Our approach consists in designing a NN retrieval scheme procedure, to apply it to a large set of realistic atmospheric situations, and to analyze the impact of the satellite observations on the retrieved products. Two contrasted months of AMSU data are analyzed over a large part of the globe centered on Africa. In this preliminary study, only cloud free data have been selected to conduct the atmospheric retrievals. Given the scarcity of the radiosonde measurements over large parts of Africa, it is of primary importance to get reliable satellite estimates of the temperature and humidity profiles in this region.
[6] The AMSU observations and the emissivity data set are described in section 2. The retrieval approach is presented in section 3 and its results are analyzed with respect to the AMSU zenith angle, season, and the vegetation type.
Additional analysis regarding the ECMWF first guess information is provided in section 4 as well as an evaluation of the retrieval method by comparison with radiosonde measurements. Section 5 concludes this study.
Satellite Observations and Emissivity Data Sets

AMSU-A and AMSU-B Measurements
[7] The AMSU sounding unit operates on board the NOAA satellites since 1998. AMSU-A has 12 channels located close to the oxygen absorption lines below 60 GHz and four window channels at 23.8, 31.4, 50.3, and 89 GHz. AMSU-B has two window channels at 89 and 150 GHz and three channels centered on the 183.31 GHz water vapor line. The two instruments have instantaneous fields of view of 3.3°and 1.1°and sample 30 and 90 Earth views respectively. Therefore the AMSU observation scan angle varies from À48°to +48°with the corresponding local zenith angle reaching 58°. Channel characteristics for both AMSU-A and AMSU-B radiometers are given in Table 1 , and a detailed description of the AMSU sounders is reported by Goodrum et al. [2000] .
[8] Level 1b AMSU data have been obtained from the Satellite Active Archive (SAA) and processed using the Advanced ATOVS Processing Package (AAPP) created and distributed by EUMETSAT and cooperations. The AMSU radiances are corrected from the AMSU antenna effect using coefficients given by Mo [1999] and Hewison and Saunders [1996] . The analysis in this study is made at AMSU-A spatial resolution. Data have been selected to cover a large geographic area including mainly Africa but also eastern South America, southern Europe, and the Middle East (from 60°W to 60°E in longitude and from 60°S to 60°N in latitude). The study is performed for January and August 2000. At that time, NOAA 15 is in Sun-synchronous polar orbit and crosses the equator at local solar times of approximately 7:30 a.m. and 19:30 p.m.
[9] In the present work, the AMSU information content analysis is conducted over land and under cloud free situations. Once our experience results are thoroughly validated, the analysis will be extended to cloudy situations. Clouds have a complex and highly variable impact on the observed microwave radiances, depending on both the cloud property and the observation frequency. Cloud screening is conducted using the International Satellite Cloud Climatology Project (ISCCP) data sets. Cloud parameters and skin temperatures are extracted from the ISCCP pixel level data (the DX data set) for January and August 2000. These products are available at 30 km ground resolution every 3 hours. Within ISCCP, information about clouds is obtained from visible and infrared measurements from polar and geostationary satellites, using radiative analysis [Rossow and Schiffer, 1991] .
[10] Figure 1 shows the weighting function distributions for all AMSU channels calculated for a U.S. standard tropical atmosphere at nadir using a microwave radiative transfer model [Pardo et al., 2001] . The weighting functions indicate the relative contribution of each atmospheric layer to the measured radiance. For a given atmosphere and frequency, the peak altitude in the weighting function increases with increasing zenith angle. This is due to increasing optical path length between the satellite and the Earth when the instruments scan from nadir to higher angles. In window channels the weighting function peaks have their maximum closer to the surface. Most of the radiation measured by these window channels comes from the surface and the boundary layer and these channels can be used to derive total precipitable water, precipitation rate, or cloud liquid water over ocean [Grody et al., 2001; Zhao and Weng, 2002; Weng et al., 2003] . For all the channels that have some contribution coming from the surface, it is important to accurately estimate the surface emission in order to correctly separate its effect from the atmospheric one.
[11] AMSU observes the Earth with a large range of angles leading to difficulties when developing retrieval algorithms: the angular dependence has to be taken into account in the inversion algorithm. Alternative techniques have been developed to convert the observed radiance at a given angle to the radiance that would be measured at nadir. Goldberg et al. [2001] , for instance, describe the limb adjustment of AMSU-A observations to nadir. In the present study, no limb correction method is applied. All AMSU-A scan positions are considered and the retrieval accuracy will be evaluated for all angles. Figure 2 shows the mean brightness temperatures (Tbs) against the local zenith angle observed for cloud-free situations in January and August 2000. The observations have been sorted by vegetation types using the biosphere-atmosphere transfer scheme (BATS) vegetation land cover data set (available at 30 Â 30 km grid resolution) [Dickinson et al., 1986] . The BATS vegetation classification is a complex combination of three surface climatology classifications obtained from Matthews [1983] and Olson et al. [1983] and from Wilson [1984] as described by Wilson et al. [1987a Wilson et al. [ , 1987b . The angular variations of the Tbs are driven by two phenomena, depending on the channel opacity: for window channels the angular dependence of the emissivity prevails whereas for sounding channels the opacity increase with angle is the dominant effect. Surface and near-surface channel (23.8, 31.4, 50.3, 89 .0, and 150 GHz) Tb curves show a similar trend as those observed while analyzing the angular emissivity variation . Figure 3 shows the mean monthly emissivities at 31.4 GHz over desert, calculated for 6 months of data, and sorted out by beam observation angle; the emissivity curve show similar trend than the mean Tb curve at 31.4 GHz over desert ( Figure 2 ). Most of the angular variations in surface and near-surface channels are related to the surface emissivity angular dependence. Mo [2002] made similar observations when comparing mean Tbs and emissivities from AMSU-A channels over the Libyan Desert. As a consequence, an accurate estimate of the emissivity is required for the full incidence angle ranges to properly account for the surface contribution to the measured radiance at each scan angle. For this purpose, the microwave land surface emissivities at AMSU frequencies have been studied , and this work is briefly described in section 2.2.
AMSU Land Emissivity Calculations
[12] The AMSU land surface emissivities have been calculated under the assumption of a flat and specular surface, using data from year 2000, for 30 observation zenith angle ranges (from À58°to +58°) and for the 23.8, 31.4, 50.3, 89, and 150 GHz channels after separating cloud and atmospheric contributions . For the emissivity calculations only cloud free data have been considered. Collocated visible/infrared satellite measurements from ISCCP data have been used to screen cloud and rain effects and to provide an accurate estimate of the skin temperature. The nearby temperature-humidity profiles from the ECMWF [Simmons and Gibson, 2000] have been used as input into a state-of-the-art microwave radiative transfer model [Pardo et al., 2001] in order to estimate the atmospheric contribution to the measured radiances.
[13] The obtained monthly mean emissivity maps show the expected spatial structures, related to changes in surface types. Lakes and rivers as well as the coastlines are associated with low emissivities at all frequencies but also with high emissivity variability. For the entire data sets, the day-to-day emissivity standard deviations are generally less than 2% in AMSU surface channels and tend to increase with frequency and zenith angles. English [1999] showed that the use of land emissivity with accuracy better than 2% would help humidity profile retrievals over land. For all frequencies, the emissivities depend on the incidence angle, especially for bare soil areas. Figure 3 illustrates this angular variation at 31.4 GHz for desert surfaces for 6 months of data. Figure 3 also shows an asymmetry along the AMSU scan, relatively to nadir, variable with frequency and surface emissivity. For all vegetation classes, the AMSU scan asymmetry is found to be higher at 31.4 GHz than at the other frequencies. The maximum scan asymmetry (difference between the monthly mean emissivities at scan position 1 and 30) for this channel reaches up to 3% over desert areas. The 23 GHz channel is also affected by the scan asymmetry but the magnitude of this effect is smaller (2.4 % over desert surfaces). Measurements at 89 GHz appear to be less sensitive to the scan asymmetry than those at 50.3 GHz. Weng et al. [2003] also noticed an asymmetry in AMSU surface channels by using AMSU ocean observations and simulations. The AMSU scan asymmetry is likely related to an instrument calibration problem. For effective retrievals of atmospheric variables over ocean and land, the instruments have to be accurately calibrated for all conditions (frequencies and scanning positions). This asymmetry is being investigated in order to suggest adequate corrections. The likely instrumental problem is accounted for by using mean emissivities sorted by scan position. Therefore, in the present study, the observations are systematically sorted out by scan position angle. Precalculated AMSU mean monthly emissivity maps for January and August 2000, with a ground resolution of 30 Â 30 km, and at 23, 31, 50, 89 and 150 GHz are used to characterize the land contribution to the measured radiances. The emissivities in the sounding channels have not been calculated because the surface contribution at these frequencies is not strong enough to derive reliable estimates. Given the smooth and limited frequency dependence of the land surface emissivities in this wavelength range [Prigent et al., 2000; Karbou et al., 2005] , the emissivities in the window channels can be extrapolated from their estimates in the nearest sounding channels. For example, mean emissivities at 50 GHz have been used for channels in the vicinity of the 50 -60 GHz 3. An Information Content Analysis 3.1. Neural Network Approach [14] The first stage in developing a Neural Network (NN) retrieval scheme is to obtain a data set of samples describing the relationships between the inputs (i.e., satellite observations and a priori information) and the outputs (i.e., variables to retrieve). For this purpose, AMSU measurements and collocated ECMWF reanalyses [Simmons and Gibson, 2000] are selected. An alternative would be to simulate AMSU observations with a radiative transfer model using ECMWF atmospheric profiles but in this case the instrument noise would need to be specified, and this information is not directly available in this context. For each AMSU measurement, the closest (in space and time) atmospheric situation from ECMWF to the actual AMSU observation is defined as the target that the NN has to retrieve. Consequently, the procedure includes several sources of observation errors: the instrument noise, differences in space/ time collocation, differences in spatial resolution, as well as the error of the ECMWF reanalysis itself related to the NWP model errors.
[15] The NN algorithm is developed to retrieve simultaneously the atmospheric temperature and humidity profiles over land using AMSU-A and AMSU-B observations at 21 fixed pressure levels from 1000 to 1hPa. In addition to satellite measurements, the NN retrieval scheme benefits from other sources of information: a priori and first guess information can be used to better constrain the inversion problem and to limit nonuniqueness and/or instabilities of the solution. This approach was developed by Aires et al. [2001] to retrieve simultaneously water vapor, cloud liquid water path, surface temperature, and microwave emissivities over land using SSM/I instrument. In the present study, the three sources of information available to perform the retrieval are: (1) all AMSU-A and AMSU-B satellite observations (i.e., 19 NN inputs corresponding to each instrument frequency), (2) the ECMWF atmospheric temperature and moisture profiles on 21 levels taken 6 hours before the ECMWF target profiles are used as First Guess (FG) information (i.e., 2 Â 21 NN inputs), and (3) spatially and temporally collocated ISCCP skin temperatures as well as the previously calculated emissivities at 23.8, 31.4, 50.3, 89, and 150 GHz are used as a priori information (i.e., 6 NN inputs). The emissivities vary with the geographic location but also with scan position and specified month (January or August). For each channel and each geographic location, the standard deviation of the day-to-day variations within a month has been calculated. The obtained standard deviations are then associated to the mean emissivities during the learning stage. The day-today variability of the emissivity is found within 2% for all frequencies .
[16] In order to retrieve the temperature and humidity profiles (i.e., 2 Â 21 NN outputs), a multilayered perceptron [Rumelhart et al., 1986] is constructed with 67 inputs, 50 neurons in the hidden layer, and 42 outputs. A schematic structure of the NN inversion scheme is provided in Figure 4 . [17] The data set was constructed using cloud-free AMSU Tbs from January and August 2000 in order to include a wide range of atmospheric conditions. The selected geographic area (60°W-60°E and 60°S-60°N) is large enough to insure variability in surface and atmospheric conditions (from arid to very moist areas). For both August and January months, one third of the data are assigned to the test database whereas two thirds of the data are attributed to the learning database. The applied data repartition allows for a good disjunction between the learning and the generalization data sets. It should be noted that we experimented different database selections (like random daily drawings) and we obtained similar statistics. This confirms the robustness of our estimate of the generalization error.
Retrieval Results
[18] Figure 5 shows the RMS error profiles for temperature and humidity obtained at 21 pressure levels from 1000 to 1 hPa, regardless of scanning angle, season, and surface types. At each level the FG RMS error profile is calculated using the difference between the target and the FG ECMWF profiles. Similarly, the NN RMS error profile is calculated using the difference between the target and the retrieved profiles. For both temperature and humidity, the retrieved profile is closer to the target profile than the FG profile, showing the benefit of AMSU radiances associated with a reliable characterization of the surface contribution. The improvement in temperature is significant at low (>700 hPa) and at high (<100 hPa) levels: the RMS improvement (difference between the FG and NN RMS errors) is about 1.4 K at 1000 hPa and greater than 0.9 K at levels with pressure lower than 10 hPa. At the lowest level, the RMS errors decrease from 3.5 K to 2.1 K for temperature and from 14.5% to 9.1% in relative humidity. In order to examine the spatial structure of the NN retrieval accuracy, FG and NN RMS error maps are plotted in Figure 6 for both temperature and humidity at 1000 hPa level. Before inversion, the maps of the difference between the FG and the target profile, for both water vapor and temperature, show a very strong longitudinal structure related to the difference between the local time of the satellite overpass and the synoptic times. The FG and target profiles being derived from the reanalysis, they are systematically obtained at the synoptic times (0000, 0600, 1200, or 1800 UTC), and the time difference between these two profiles is always of 6 h. However, this time difference translates into very different temperature or relative humidity differences in the profiles, depending on the local time of the day at the given location. The maps illustrate the NN retrieval improvement with homogenous RMS error over the geographic area to be within 2 K in temperature and 9% in humidity, regardless of the location longitude. In particular, areas with higher FG RMS error in temperature and humidity (i.e., Arabian Desert, South America) are significantly improved by the NN. There is no significant dependency between the retrieval accuracy and the surface characteristics: The NN retrievals are satisfactory regardless of the surface type.
[19] The previous RMS error profiles have been produced with all data (January and August) and at all AMSU-A scan positions. In the next section, retrieval results are examined more closely with respect to the AMSU-A scan position, the vegetation cover, and the season.
Scan Angle and Vegetation Dependencies
[20] AMSU-A and AMSU-B instruments scan from À58°t o 58°from nadir. The retrieved products are now analyzed to check for scan dependency in the retrieved temperature and humidity profile accuracy. Figure 7 compares the RMS error profiles in temperature and relative humidity at nadir ( Figure 7a ) and at 58°from nadir (Figure 7b ). No significant difference is observed along the profiles between the two scanning cases for both temperature and humidity retrievals. In particular, at surface level, where scan dependencies could likely be the greatest, no significant effect can be noticed. Figure 7c represents the NN RMS errors at 1000 hPa level as a function of the AMSU zenith angle for both temperature and relative humidity, and shows that no significant dependency exists between the surface level RMS errors and the zenith angle for both temperature and humidity. The NN improvement is within 2 K for temperature and 9% for humidity for all scanning situations; in particular, no significant deterioration of the retrievals is observed for high zenith angles. Figure 8 presents the RMS error profiles for temperature and humidity calculated for desert and dense vegetation areas separately. January and August Figure 8 . RMS error profiles obtained for both temperature and humidity (FG and NN profiles) for (a) data from January over desert, (b) data from August over desert, (c) data from January over dense vegetation, and (d) data from August over dense vegetation.
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KARBOU ET AL.: AMSU PROFILING CAPABILITIES OVER LAND data have also been separated and all scanning conditions have been considered. For a given vegetation type, Figure 8 shows homogenous retrieval results for both temperature and humidity, for January and August. A slight improvement of the humidity RMS error at surface level can be noticed in August for desert surfaces. Figure 9 completes this analysis by showing the RMS error profiles of the retrieved parameters over desert and dense vegetation for both January and August, at nadir. The NN retrieval performs well, regardless of season, scanning situations, and vegetation types. The results show that when reliably characterizing the surface, we are able to correctly take into account the surface variability with vegetation and scan observation angle and provides uniformly homogeneous retrievals in very diverse situations, from dry desert regions to very moist equatorial areas. Significant improvements are observed even in the lower atmospheric layers where surface contribution is important.
Further Analyses
On the Role of the Surface
[22] The information content analysis conducted in our study tends to demonstrate the potential of AMSU measurements for atmospheric profiling over land when the surface is well characterized, with both emissivity and skin temperature.
[23] English [1999] made a thorough sensitivity analysis of the impact of the emissivity estimate on the humidity and temperature sounding at AMSU frequencies, in the case of variational assimilation. For the humidity sounding he concludes that the emissivity information is very important assuming a good knowledge of the skin temperature. For temperature sounding, the emissivity sensitivity is greater in presence of clouds. The present work relies on this sensitivity analysis and we choose to work in the optimum conditions (regarding the surface description) to perform the information content analysis.
[24] In order to further investigate the role of the emissivity and the skin temperature in the retrieval, a first experiment has been performed to analyze the impact of the emissivity on the brightness temperatures. Tbs have been simulated for one month (August), over a large geographic area, and at all AMSU-A observation angles using (1) reliable emissivity estimations, (2) degraded land emissivities, and (3) using a constant emissivity value (0.95). The results have been analyzed by looking at the differences between Tbs observations and simulations. For the whole month and the entire geographic area, the global statistics are improved when using a reliable characterization of the emissivity with frequencies and scanning angles. At 31.4 GHz for example, the global statistics (mean/std) are: experiment (1) À0.73/4.45, experiment (2) À0.53/6.43, and experiment (3) À2.67/7.51.
[25] Figure 10 shows the mean Tbs bias (observationssimulations) maps obtained at 23.8 GHz using the three emissivity calculation scenarios described above. The Tbs bias is reduced with the reliable emissivity scenario (Figure 10a) , whereas a constant (Figure 10c ) or degraded emissivity (Figure 10b ) could produce up to ±10 K of bias. These results confirm the impact of the emissivity estimate on the Tbs. Similar calculations could be performed with a degraded skin temperature with similar conclusions.
[26] It is to be noted that in operational mode, the first step consists in a quality control that compares the simulated Tbs (using first guess information) and the measured Tbs. In a recent experiment at ECMWF, in close to operational conditions, a considerable amount of data in channels 5 and 6 passed the control tests using a reliable emissivity estimates and channel 4 could be used as often as channel 5 and 6 whereas it was always rejected using the degraded emissivity estimates . Using reliable emissivity estimate significantly increases the number of satellite observations that are assimilated in the system, making it possible then to use them.
[27] Further sensitivity analysis to both skin temperature and emissivity estimates have to be performed in order to investigate their impact on temperature-humidity retrievals in both clear and cloudy situations, in the context of Neural Network inversion. This is the objective of our further work.
Impact of the First Guess Temperature and Humidity Profiles
[28] The previous analysis shows that by using temperature and relative humidity first guess profiles (i.e., ECMWF profiles 6 hour before the target ECMWF profile, called FG-06) along with accurate surface skin temperature and emissivities, the surface effect on the AMSU measurements can be decorrelated from the atmospheric one leading to atmospheric temperature/humidity retrievals over land. In this section we examine the impact of the FG profiles choice on the NN retrievals. This is achieved by training NNs using the same AMSU data set but with two different FG scenarios: First, using ECMWF profiles 24 hours before AMSU observations (called FG-24) and second, using the closest profile to the AMSU observation time but with additive noise (called FG-NOISE). The noise characteristics are those of the ECMWF model in 2000; these characteristics have been revised since. For specific humidity, the specification of the standard deviations is established using several statistics including radiosonde observations and it depends on the atmospheric situations [Rabier et al., 1998 ]. On the contrary, temperature standard deviations only vary with latitude (i.e., different specifications for each 10°latitude range). The relative humidity noise is calculated for each ECMWF profile taking into account the temperature, specific humidity, and pressure. The temperature noise is calculated for ranges of latitudes over the studied area corresponding to (0°-10°, 10°-20°, 30°-40°, 40°-50°, and 50°-60°). Figure 11 shows a temperature-humidity profile from our database (Figures 11a and 11c ) and the corresponding standard deviations for temperature assuming different latitudes ( Figure 11b ) and specific humidity using Rabier et al.'s [1998] method (Figure 11d ).
[29] Figures 12a -12c present the temperature and relative humidity NN results for the different FG scenarios: the RMS error profiles are plotted for the three FG configurations and for the corresponding NN retrievals. For temperature, the FG-24H is of less quality than the FG-06H, except for lower levels where the diurnal variability can be higher than the day-to-day changes. The FG-NOISE is always better than FG-06H and FG-24H with standard deviation of errors already close to 0.5 K for each vertical layer: Not surprisingly, in the FG-NOISE configuration, the use of AMSU satellite observations in the retrieval scheme slightly improves the FG especially at high pressure levels; it can even degrade it in the lower levels. For our retrieval method, The FG-06H and FG-24H configurations appear more adequate and the retrieval at FG-06H has better statistics than the FG-24H. For relative humidity, all FG scenarios seem to be adequate for our retrieval algorithm, and in all cases the FG is improved by the NN retrieval. Best humidity retrievals are obtained using the FG-06H and FG-NOISE scenarios. From this set of experiments, it can be seen that retrieval results are highly dependent on the FG profiles choice. In our information content analysis, the temperature/humidity FG-06 scenario seems to be a good compromise: the obtained statistics are satisfactory for both temperature and humidity retrievals (especially at atmospheric low levels).
Retrieval Method Evaluation With Radiosonde Data
[30] Radiosonde observations provide independent and unique reference for temperature and humidity profiles that can be used for satellite retrieval validation. However, their use for such evaluation has some recognized limitations. For instance, they are unevenly distributed over the Earth with different measurement accuracy. They are particularly scarce in Africa. Measurements are performed at fixed times generally twice a day. They represent 1D information up to Figure 11 . Sample temperature-humidity profile from the study database (a and c) and the corresponding standard deviations for (b) temperature assuming different latitude ranges and (d) specific humidity.
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KARBOU ET AL.: AMSU PROFILING CAPABILITIES OVER LAND generally 100hPa whereas the satellite measures a large atmospheric volume, from the bottom to the top of the atmosphere and with the horizontal spatial extent related to the instrument field of view.
[31] Records of radiosonde measurements are archived at many meteorological centers. For example, global radiosonde data sets from 1998 to 2004 are produced jointly by the National Climatic Data Center (NCDC, http://www.ncdc.noaa.gov) and the Forecast Systems Laboratory (FSL, http://www.fsl.noaa.gov). Radiosonde stations located within the studied geographic area (60°W-60°E and 60°S-60°N) and operational during January and August 2000 have been collocated in space and time with AMSU observations. Table 2 lists the selected radiosonde stations with their locations. These stations produce daily temperature and humidity profiles at 0000 and at 1200 UTC. During 2000, only the NOAA 15 satellite was operational with equator crossing at 7:30 a.m. and 19:30 p.m. As a consequence, there is at least 3 hours difference between the AMSU and selected radiosonde observation times.
[32] Figure 13 shows the RMS error profiles obtained by comparing the FG and the NN retrieval with the collocated radiosonde measurement. As expected, the FG errors as compared to radiosondes are rather large, but we already commented in the beginning of this section on the limitations of radiosonde comparisons, in particular considering the Figure 12 . The RMS error profiles obtained for the entire database using different ECMWF FG profile scenarios for temperature and relative humidity. large space and time differences in the collocation process. Since the FG RMS error profiles include large collocation errors, the detection of a relative improvement is difficult. At surface level however, the RMS error is improved by about 2 K in temperature and 2.5% in humidity. This confirms that, when associated to careful design of retrieval technique, AMSU-A and AMSU-B observations can help retrieve low-level temperature and humidity profiles over land.
Summary and Conclusions
[33] This paper studied the feasibility of AMSU temperature and humidity profile retrieval over land, down to the surface. A neural network retrieval algorithm was developed, in which the AMSU satellite observations were combined with a priori surface skin temperature and surface emissivity, and with first guess information on the atmospheric profiles. The retrieval method has been applied over a large geographic area including mainly Africa but also eastern South America, southern Europe, and the Middle East (from 60°W to 60°E in longitudes and from 60°S to 60°N in latitudes). A very large number of atmospheric situations have been considered for our experiment, from a winter and a summer month. The NN retrievals over this large data set is used as an information content analysis aiming at the evaluation of the potential of AMSU observations in improving low-level temperature and humidity profiles over land.
[34] Results are encouraging: the RMS errors at surface level are within 2 K in temperature and 9% in relative humidity. A sensitivity study has been conducted to analyze the sensitivity of the retrieval algorithm with season, vegetation type, and scan angle: The NN method, when correctly trained on a large data set and using the adequate surface emissivity and skin temperature description, is able to account for the large variability of the situations and to provide accurate atmospheric temperature and humidity profiles over land. We attempted to assess the quality of our retrieval approach by comparison with available radiosonde data. At surface level, the RMS errors are improved (by comparison with radiosonde profiles) by about 2 K in temperature and 2.5% in humidity in all cases. These results confirm that, when combined with reliable estimates of the land emissivity and the skin temperature, AMSU observations are a valuable source of information for the characterization of low-level temperature and humidity profiles over land. The natural continuation of this work will therefore involve the variational assimilation of such products in a NWP model.
[35] Over Africa, the obtained AMSU derived profiles are of great interest because of the insufficient number of radiosonde stations in this continent. In a future work, additional radiosonde validation will be performed during a period when more NOAA satellites are operational: this should help improve the temporal collocation with the radiosonde measurements. The African Monsoon Multidisciplinary Analyses (AMMA) program could be a great opportunity for further radiosonde validation. This program is an international effort to help understand the West African Monsoon and its implication from local to global scales regarding the physical, chemical, and biological environments. The so-called ''extended operation period '' of AMMA in 2005 '' of AMMA in -2007 will be based on the densification of radiosonde and other local measurements over West Africa. A better collocation of radiosonde and AMSU observations will help assess the impact of AMSU measurements on temperature and humidity retrievals. [36] Once thoroughly validated, the extension of the algorithm to the globe will be investigated. A similar algorithm designed for cloudy scenes will also be developed, benefiting from the experience already acquired with the SSM/I instrument [Aires et al., 2001] . 
